Perm eability, the ability of rocks to flow hydrocarbons, is directly determ ined from core. D ue to high cost associated with coring, many techniques have been suggested to predict permeability from the easy-to-obtain and frequent properties of reservoirs such as log derived porosity. This study was carried out to put clustering methods (dynamic clustering (DC), ascending hierarchical clustering (AHC) self organizing map (SOM) and multi-resolution graph-based clustering (MRGC)) into practice in order to predict the permeability of a heterogeneous carbonate reservoir in southwest of Iran. In addition, the results are compared with three conventional approaches, empirical models, regression analysis, and ANN. The performance of all the examined methods was compared in order to choose the best approach for predicting perm eability in uncored w ells of the studied field. For all clustering methods, selecting the optimal number of clusters is the most important task. The optimal values for the number of clusters are selected by iteration. The optimal number of clusters for MRGC, SOM, DC, and AHC are 7, 9, 9, and 8 respectively. Empirical equations and regression analysis weakly predict permeability and the value of R 2 parameters of both approaches are around 0.6. Generally the performance of clustering techniques is acceptable in Fahliyan formation. These techniques predict permeability between 1 and 1000 mD very well and just overestimate permeability values less than 1 mD. SOM performed the best among all examined techniques (R 2 =0.7911). The constructed and validated SOM model with 9 clusters was selected to predict permeability in one of uncored w ells of the studied field. In this w ell, the predicted perm eability w as in good agree ment with MDT derived permeability.
Introduction
In addition to being porous, a reservoir rock must have th e a b ility to a llo w fl u id s to fl o w th ro u g h it. T h e a b il ity o f ro c k to c o n d u c t fl u id s is d e fi n e d a s p e rm e a b ility . One of the most reliable sources for determining the matrix permeability of a reservoir is core. Usually core is available in a lim ited num ber of w ells in a fi eld because core is very expensive. Thus, it is essential to predict permeability from easy-to-obtain and frequent data such as logs. The prediction of permeability is not straightfo rw a rd . T h e d iffi c u lty o f p re d ic tin g p e rm e a b ility is d u e to the fact that carbonates are very heterogeneous and petrophysical variations rooted in diagenesis, texture, grain size variation, cementation, clay content and etc. [1] . Unlike core, wireline logs are available in almost all wel l s i n a fiel d. By es t abl i s hi ng a r obus t model whi ch relates permeability to porosity, permeability in un-cored wells can be predicted. Log derived porosity shows good correlation with core porosity as reference porosity (Figure 1) and in un-cored wells, log derived porosity can be introduced to models to predict permeability where no core is available. Since the production of oil from the first oil w ell, m any researchers have tried to estimate the permeability of reservoirs by means of different methods. Core analysis data and wireline logs are two main sources of data for predicting permeability. Archie introduced relationships to estimate permeability from core analysis data such porosity and formation resistivity factor [2] . Because of the availability and frequency of wireline logs, logs are becoming more popular source for estimating permeability. Porosity, water saturation, capillary pressure, formation re sistiv ity fa c to r, a n d N M R 's T 1 a n d T 2 , d e riv e d fro m wireline log, can be used to estimate permeability. Leverett, Tixier, Timur, and Coates and Dumanoir developed correlations based on well log measurements to determine permeability [3] [4] [5] [6] .
In re c e n t y e a rs, a rtifi c ia l in te llig e n c e te c h n iq u e s h a v e been widely used to estimate permeability from wireline logs. Balan et al., Lin et al., and Zhang et al. predicted permeability by means of neural network [7] [8] [9] . Cuddy used fuzzy approach to estimate permeability [10] .
The studied formation (Fahliyan) is one of the carbonate reservoirs of Iranian oil fi elds in the southw est of Iran. Fahliyan comprised of laminar to massive oolitic limestone with shale interbeds. This formation is a heterogeneous carbonate with complicated por-perm relation ( Figure 2 -a). In order to establish robust relationship between porosity and permeability to predict permeability , a n e ffi c ie n t c lu s te rin g te c h n iq u e is n e e d e d to c la s sify heterogeneous por-perm data into homogeneous clusters. Although litho-types are geological groups with similar sedimentological properties, their petrophysical properties are different. In por-perm cross plot, most litho-facies overlap each other (Figure 2 -b). Hence lithofacies is not a suitable criterion to classify por-perm data into homogeneous clusters and presumably predicting permeability based on litho-facies fails to obtain satisfactory results.
In this study, we examined different techniques of data clustering in order to improve the quality of permeability prediction. MRGC, SOM, DC, and AHC are clustering methods which are utilized to predict permeability. The results are compared with other approaches of permeability prediction, empirical equations, regression analysis, and ANN. The method with best performance will be selected for predicting permeability in un-cored wells. The predicted permeability in un-cored wells was compared with permeability obtained by MDT (modular formation dynamics tester) to insure that the models worked properly.
Materials and Methods
Com pl exi t y of car bonat e m akes i t di f ficul t t o t r eat al l the data obtained from reservoirs as a unit. Usually partitioning the data into homogeneous groups leads to better results with less error. Clustering methods are widely used for the electro-facies analysis and petrophysical property prediction. In this study, we examined MRGC, SOM, DC, and AHC as the main clustering techniques to predict permeability.
In order to predict permeability in un-cored wells of the stu d ied fi eld , fi rst, d atasets are d iv id ed in to tw o g ro u p s; the core data of three wells are selected for generating models (training) and the core data of the forth well was left out for the blind test. Then, based on the abovementioned clustering techniques, optimum models were constructed and porperm data of core w ere classifi ed into homogeneous clusters. After that, for validating the constructed models, these models were blind-tested in the forth wells to investigate how much the predicted perm eability fitted w ith m easured perm eability. The input of these models is core porosity and the output is permeability. The predicted permeability in the blind test step was compared with other common methods of permeability prediction (empirical models, regression analysis, and ANN). Finally, in un-cored wells, by introducing log porosity as input to models, permeability was predicted. The predicted permeability in un-cored wells was compared with the permeability obtained by MDT to insure that the models worked properly.
The models were established and validated using porosity and permeability of core. The model with best performance in predicting permeability was selected to predict permeability in un-cored well using log derived porosity.
The used clustering techniques classify porosity and permeability of core in two-dimensional space into stable clusters. MRGC, SOM, and DC are iterative optimizatio n m e th o d s . T h e s e a lg o rith m s fi rs t ra n d o m ly in itia liz e the kernel (center of each cluster) and then calculate the distance between each data point and the kernels. Each data point is associated to its nearest kernel. After processing all data points, each kernel is thus surrounded by a cloud of points. Each kernel is then moved to the center of its cloud. This process is iterative until the kernels are stabilized, i.e. the coordinates of kernel change less than a prescribed amount on the next iteration [11] . These methods are different in optimization algorithm; for example, SOM uses neural network to optimize, but DC uses K-nearest neighbor algorithm. The characteristics of each method are shortly mentioned in the next section. The details of these algorithms can be found in the references.
In the generated models, the permeability of each kernel is calculated by distance-weighted averaging of the permeability values in the cluster. The permeability of uncored but logged zones is assigned by distance-weighted averaging of the average perm eability of "K " nearby kernels.
The next step is selecting the optimal number of clusters. Va r i a t i o n o n t h e n u m b e r o f c l u s t e r s s t ro n g l y a ff e c t s t h e result. There are no universal criteria for choosing the optimal number of clusters in examined methods; therefore, we tried different values for the number of clusters and chose the optimal values which produced the best results.
Multi-resolution Graph-based Clustering (MRGC)
Ye an d R ab iller pro po sed mu lti -d im en sio n al d o t-patt ern recognition (MRGC) as a new clustering method for electro-facies analyses [12] . MRGC is based on nonparametric K-nearest neighbor and graph data representation. In this novel method, the disadvantages of other clustering methods such as prior-knowledge about the number of clusters, initial parameters, and the reliability of results were eliminated. MRGC is a tool which analyzes the structure of the complex data and partition natural data groups into different shapes, sizes, and densities [12].
MRGC automatically determines the optimal number of clusters.
Clusters produced by MRGC are organized in a hierarchical manner so that the high order clusters are the subcluster of low order clusters. Consequently, depending on the needed resolution, we can select an appropriate number of clusters.
We assigned 4 and 35 as the minimum and maximum of the desired clusters for MRGC. After executing MRGC, six models with different numbers of clusters (7, 10, 13, 16, 19 , and 26 clusters) were generated. In the lowest order, 7 clusters and in the highest order, 26 clusters were partitioned. Then, each model was used to predict permeability.
The predicted permeability on the basis of each model was compared with core permeability. The model with the maximum value of R 2 was selected as the optimal number of clusters for MRGC model. Figure (3-a) presents the cross-plot of the value of R 2 of the predictions versus the number of clusters used in MRGC model. It is clear that by increasing the number of clusters, the error of the prediction increases, and the largest values of R 2 were obtained when MRGC model with 7 clusters was used for the permeability prediction.
Distance between the natural clusters of por-perm data is very short and most clusters overlap. By increasing the number of clusters, illusive clusters are produced and the prediction takes place in an unreal condition. So, the minimum number of clusters (7 clusters) is optimal for using in the prediction (Figure 4-a) . MRGC model with 7 clusters was used to predict permeability in blind test well. The permeability predicted by MRGC was compared with core permeability in blind test well ( Figure  5 -e).
Self-Organizing Map (SOM)
The self-organizing map (SOM), commonly also known as Kohonen network, is a computational method for the visualization and analysis of high-dimensional data, particularly experimentally acquired information [13] .
In this method, the number of clusters depends on the dim ension of initial netw ork; for instance, a 3×3 initial network of SOM produces 9 clusters. We examined 45 networks with different dimensions which made 4 to 100 clusters.
All the generated SOM models were used to predict permeability. The values of R 2 of prediction are plotted versus the different dimensions of SOM models in Figure  ( 
Dynamic Clustering (DC)
Dynamic clustering is a non-hierarchical method to partitio n d a ta b a s e d o n a p re d e fi n e d n u m b e r o f c lu s te rs .
Algorithm places initial centers of clusters randomly and computes the distance between samples and centers; then, the samples are assigned to the nearest center. By iteration, the location of centers changes until all the points are assigned to the nearest center and all the centers are stabilized. We examined different numbers of clusters and generated models with different clusters. Permeability prediction on the basis of 9 clusters ( Figure  4 ) has a higher value of R 2 (R 2 =0.7572) (Figure 3-c) . The value of R 2 increases by increasing the number of clusters until reaching up to 9 clusters, and then it decreases by further increasing the number of clusters.
Ascendant Hierarchical (AHC)
Hierarchical cluster analysis is a statistical method for finding relatively hom ogeneous clusters of cases based on measured characteristics [14] . It starts with each case in a separate cluster and then combines the clusters sequentially, reducing the number of clusters at each step until only one cluster is left. For choosing the optimal number of clusters, different values for the numbers of clusters were tested. After partitioning data into different orders of clusters, on the basis of each order, permeability was predicted. AHC model with 8 clusters produced the highest value of R 2 (Figure 3-d and Figure 4-d) . The value of R 2 increases by increasing the number of clusters, goes through a maximum, and then decreases. The general trend of R 2 curve of AHC is similar to DC.
Regression Analysis
Li near regressi on est i m at es t he coeffici ent s of t he l i near equation, involving one independent variable that best predict the value of the dependent variable [15] . In this study, the dependent variable is the logarithm of permeability and the core porosity is an independent variable. The obtained equation for training data is as follows:
The obtained equation is used to estimate the permeability of blind test w ell. C orrelation coeffi cient betw een the measured and predicted permeability via regression analysis is 0.7443 ( Figure 5-a) . Although, this method is simple and easy to use, its result is comparable with clustering methods. ANN Neural network is a modeling technique, which models systems in a brain-like way [16] . The main feature of neural network is that it can learn the internal characteristics of a system by analyzing datasets. In order to predict permeability, a back propagation neural network with two hidden layer designed. Porosity of three train wells was taken as input and permeability as output for training designed network. Trained network was used to predict permeability of test well on th e b a s is o f p o ro s ity . C o rre la tio n c o e ffi c ie n t o f th e p re dicted permeability by means of neural network versus core permeability is 0.7581 ( Figure 5-d) . The predicted permeability by means of ANN is well matched for permeability values higher than 1 mD, but for cases with values less than 1 mD, ANN overestimates permeability.
Possibly samples with very low values of permeability are erroneous and their permeability is not determined correctly because of the resolution limitation of laboratory instruments.
Results and Discussion
The prediction of permeability in un-cored wells is one of the difficult tasks of reservoir characterization, es pecially in heterogeneous and complex carbonates. We performed this study to examine the ability of different clustering methods in predicting permeability. We compared the results of these methods with other approaches of permeability prediction such as empirical equations, regression analysis, and ANN.
Partitioning por-perm data into stable and homogeneous groups w as our first m ilestone. T he optim al value for the number of clusters was selected by iteration. For each clustering technique, models with different numbers of clusters were generated. There were no general criteria for selecting the optimal number of clusters. The optimal number of clusters for MRGC, SOM, DC, and AHC was obtained to be 7, 9, 9, and 8 respectively ( Figure 2) . The trend of R 2 curve versus the number of clusters for MRGC and SOM is similar and the shape of R 2 curve of AHC is similar to DC. The size and shape of clusters which AHC and DC determined were comparable and it seemed that the performance of these two methods were approximately similar regarding to our data. The size of the clusters of AHC and DC were uniform but SOM and MRGC produced clusters with different sizes. Clusters of SOM were completely different from the other methods. Because of the nature of this method, increasing the number of clusters did not cause sharp changes in the results. AHC combined relatively similar high order clusters and made low order clusters that showed approximately same behavior. Generally clusters were very close together and they w ere diffi cult to be determ ined visually (Figure 4 ). Empirical equations and regression analysis could not predict permeability well. In spite of our effort to modify the parameters of empirical equations, these methods overestimate the permeability values. It seems they are not suitable for using in heterogeneous carbonates because they can not consider the complexity of this formation. Generally, the performance of clustering techniques was acceptable regarding to Fahliyan formation. These techniques predict permeability values between 1 and 1000 mD very well and just overestimate permeability values less than 1 mD. SOM is the best among the examined techniques (R 2 =0.7911) ( Table 1) . Mismatch between the core and predicted permeability in low permeability intervals might occur because of the initial errors associated with measuring permeability in lab, because the measured permeability for low permeable cores are not reliable. Another possible explanation for this phenomenon might be the weakness of the used clustering methods in extrapolating the extremes. On the whole, clustering techniques did not perform perfectly but in comparison with other used method they worked better. Clustering methods especially SOM and MRGC are multi-dimensional techniques and their performance boosts when they are used for partitioning multi-dimensional data. In this study, the input data was 2 dimensional, and hence SOM and MRGC could not show their capability compared with the other simple methods like experimental correlations or single regression.
The constructed and validated SOM with 9 clusters was selected to predict permeability in one of un-cored wells of the studied field. In this w ell, log and M D T are avail able. MDT is a kind of formation tester which measures mobility (k/µ) of formation in-situ. The results of predicting permeability in this well and its comparison with the permeability obtained from MDT is presented in the Figure 6 . 
Conclusion
For all clustering methods, selecting the optimal number of clusters is the most important task. In this study, the optimal values for the number of clusters were selected by iteration. The optimal number of clusters for MRGC, SOM, DC, and AHC is 7, 9, 9, and 8 respectively.
The empirical equations and regression analysis weakly predict permeability, and R 2 values of both methods are around 0.6. Generally, the performance of clustering techniques is acceptable in Fahliyan formation. These techniques predict permeability values between 1 and 1000 mD very well and just overestimate permeability values less than 1 mD. SOM performs best among all the examined techniques (R 2 =0.7911). It is also worth mentioning that the quality of predicting permeability by means of ANN is higher than empirical equations and regression, but it is lower than the examined clustering methods. The successful prediction of permeability in an uncored w ell of the studied field, confirm ed by M D T, confi rm s the capability of S O M as a clustering technique.
We recommend that these clustering methods should be utilized in the fields w ith m ore core data because the low number of core samples is one of the reasons for the moderate performance of clustering methods. In addition, the prediction of permeability using multidimensional data likes wireline logs can boost the performance of clustering methods. Clustering methods can be used for classifying complicated features of reservoirs such as fractures and reservoir rock types.
